This paper conducts a comprehensive asset pricing study based on a unique dataset for the German stock market. For the period 1963 to 2006 we show that value characteristics and momentum explain the cross-section of stock returns. Corresponding factor portfolios have significant premiums across various double-sorted characteristic-based test assets. In a horse race of competing asset pricing models the Fama-French 3-factor model does a poor job in explaining average stock returns. The Carhart 4-factor model performs much better, but a 4-factor model containing an earnings-to-price factor instead of a size factor does even slightly better.
Introduction
What drives expected stock returns? The CAPM of Sharpe (1964) , Lintner (1965) , and Mossin (1966) is an early attempt to answer this question: Expected stock returns are positively and linearly related to systematic market risk. However, the CAPM has lost ground over the last decades since empirical evidence suggests that betas do not adequately explain cross-sectional differences in average returns. Instead, numerous additional variables have been shown to affect average stock returns, for instance, a firm's size (Banz (1981) ), earningsto-price (Basu (1977 (Basu ( , 1983 ), book-to-market equity (Rosenberg et al. (1985) ), leverage (Bhandari (1988) ), profitability (Haugen and Baker (1996) ), asset growth (Cooper et al. (2008) ), or past stock returns (DeBondt and Thaler (1985) , Jegadeesh and Titman (1993) ). To capture these return patterns various multifactor models have been suggested, Fama and French (1993) being the most prominent one. Fama and French (1993) model stock returns using three factors: the market, the size, and the value factor. Carhart (1997) extends their model by adding a momentum factor. The Fama-French 3-factor model and the Carhart 4-factor model are nowadays the industry standard in modeling stock returns. The models have relevance to applications that require estimates of expected returns, like evaluating portfolio performance or estimating the cost of capital.
However, there are at least three issues that cast doubt on the general ability of these models to explain stock returns. First, the results of the model tests depend heavily on the underlying test assets (e.g., Lewellen et al. (2010) ). Phalippou (2007) shows that a small alternation of the test assets can lead to very different answers regarding the validity of a model. Fama and French (1996, 2008) find that their 3-factor model has impressive explanatory power when explaining the returns of portfolios formed on size and book-to-market equity, but fails to explain the returns of test assets sorted on net stock issues, accruals, and momentum. Second, most tests of the Fama-French and the Carhart model have been carried out using U.S. data only and evidence whether the models work well in other countries is sparse. Third, the use of the size factor in these models is questioned since the size effect seems to have vanished in a growing number of countries when examining more recent data as documented by van Dijk (2011) . Given these caveats, there is a clear need for studies that test these models using a wide variety of test assets and data from markets outside the U.S. Our paper contributes to this literature.
We conduct a comprehensive asset pricing study based on a unique dataset for the German stock market, covering 955 German stocks over the period 1963 to 2006. We hand-collected 4 most of our data to assure that our sample virtually covers the complete market capitalization and contains many small stocks. We address three closely related questions: (i) Which firm characteristics explain the cross-sectional variation of average stock returns? (ii) Which factors exhibit significant premiums? (iii) How well do the benchmark models of Fama and French (1993) and Carhart (1997) perform when conducting a horse race with alternative asset pricing models? Thus, our paper is an out-of-sample test of the explanatory power of firm characteristics and factors shown to be important in the U.S. stock markets. Such an outof-sample test overcomes the data-snooping problems that might occur when working with the heavily researched CRSP and Compustat databases (e.g., Lo and MacKinlay (1990) ).
We obtain the following main results: (i) Based on one-dimensional sorts for ten popular firm attributes, we find that average stock returns increase with book-to-market equity, earningsto-price, market leverage, return on assets, and momentum. In multivariate Fama and MacBeth (1973) regressions, we show that only the two value characteristics (book-to-market equity, earnings-to-price) and momentum have explanatory power for the cross-section of stock returns. (ii) Using a wide range of test assets we show that premiums associated with factors constructed with respect to book-to-market equity, earnings-to-price, and momentum are priced. In contrast, the market factor and the size factor do not exhibit significant premiums. (iii) The Fama-French model does a poor job in explaining the cross-section of average stock returns in Germany. An alternative 3-factor model including two value factors based on book-to-market equity and earnings-to-price besides the market factor clearly outperforms the Fama-French model. When adding an momentum factor, the model performs even better.
Our findings contribute to the international asset pricing literature. We add to the pervasive evidence for the existence of a value and momentum premium. Liew and Vassalou (2000) and Rouwenhorst (1998 Rouwenhorst ( , 1999 , for instance, document significant local momentum premiums for many developed and emerging markets, and Fama and French (1998) provide evidence on a significant value premium in 12 out of 13 developed markets. Our paper comes to similar conclusions with respect to the existence and importance of a value and a momentum premium. Additionally, we show that both an earnings-to-price factor and a book-to-market factor are cross-sectionally priced. Further, we contribute to the ongoing debate on the existence and relevance of the size premium: Hawawini and Keim (2000) and Rouwenhorst (1999) , for example, document its international existence, while others do not: Liew and Vassalou (2000) find insignificant local SMB premiums in 6 out of 10 markets, Dimson et al. 5 (2002) document that the size effect has reversed in 18 out of 19 markets. 1 We find a negative and statistically insignificant size premium in the German stock market. Additionally, we provide evidence that using a size factor or size as a characteristic does not help to explain average returns.
Further, we contribute to the literature that uses formal statistic tests when evaluating the performance of asset pricing models. Of the few papers dealing with comprehensive tests of models outside the U.S., only a minority uses such a test procedure. one. Like we do, he finds (based on a much smaller sample) a significant cross-sectional impact of value-characteristics but no significant impact of beta or firm size. In crosssectional regressions we additionally document that profitability and reversal effects are absorbed when considering other characteristics. Furthermore, we document a momentumeffect, while we find no evidence of a relation between asset growth and average returns in Germany.
There are only a few German studies which focus on the cross-sectional pricing of factor mimicking portfolios and, thus, relate to our main finding (ii). Koch (2009a) (1997) , and use multiple sorting criteria. Furthermore, we differ from them with respect to the methodology by adopting the GRS-test to evaluate the performance of the models.
The paper is organized as follows. In Section 2 we present the data and describe the firm characteristics. In Section 3 we look for firm characteristics that explain the cross-section of average stock returns. In Section 4 we run regressions of test assets on factors to test which factors are priced and to evaluate alternative asset-pricing models. Section 5 provides results on the temporal stability of our findings and Section 6 concludes.
Sample and Firm Characteristics
Our sample consists of stocks listed at the Frankfurt Stock Exchange between 1963 and
2006
. 3 We exclude financial firms since they are subject to special accounting standards and risk factors (see Viale et al. (2009) ). 4 Overall, we are left with 955 stocks. Stocks are traded at the market segments "Amtlicher Handel" or "Neuer Markt". In addition, we include stocks of firms listed at "Geregelter Markt" if they are listed at "Amtlicher Handel" or "Neuer Markt" at any time during our research period. The period starts in 1963 since data on earnings are not available before 1963.
4
Fama and French (1992) provide another reason for excluding financial firms: They argue that firms with high leverage are near-bankruptcy firms. Financial firms are typically high-leveraged even when they are not close to bankruptcy. Thus, being high leveraged has a different interpretation for financial than for nonfinancial firms.
7

< Please insert Table I approximately here >
We obtain daily stock prices from Karlsruher Kapitalmarktdatenbank (KKMDB) in Karlsruhe (Germany) and adjust these prices for dividends, splits, and equity offerings using data from KKMDB and Saling/Hoppenstedt Aktienführer, a yearly publication that provides detailed information on listed German firms. Using this data, we calculate monthly stock returns.
Additionally, we hand-collect information on number of shares outstanding and accounting data (common book equity, total assets, net earnings) from Saling/Hoppenstedt Aktienführer.
To explain stock returns, we use fundamental and technical firm characteristics that have been suggested in the empirical asset pricing literature. Our two technical firm characteristics, stock momentum and stock reversal, are both calculated using past returns. We calculate the momentum of a stock in month t as the cumulative return from month t-12 to t-2. We skip the most recent month, to avoid the short-term reversal effect first documented by Jegadeesh (1990) . The reversal of a stock in month t is calculated as the cumulative return from month t-
Additionally, we use a number of fundamental firm characteristics on a yearly frequency:
size, beta, and six accounting-based attributes (book-to-market equity, earnings-to-price, market leverage, book leverage, return on assets, and asset growth).
We measure size by market capitalization (stock price times shares outstanding) of all share classes at the end of June of each year τ. There are 52 firms in our sample for which only preferred shares are quoted. In these cases we multiply the total number of ordinary and preferred shares by the price of the listed preferred shares to get a proxy for market capitalization.
6
If there are fewer than 60 observations available due to missing data, we take as many observations as possible and calculate beta only if there are at least 24 observations available.
7
The correlation coefficient between the monthly returns of the combined DAFOX/CDAX and a valueweighted index based on all stocks considered in our study is 0.99. Therefore, the DAFOX/CDAX is an appropriate market proxy for our stock universe. To calculate book-to-market equity (BE/ME) in year τ, we divide book equity for the fiscal year ending in calendar year τ-1 by the market value of equity at the end of December in calendar year τ-1. In a similar way, we calculate two leverage proxies: market leverage is computed as total assets divided by market value of equity and book leverage as total assets divided by book equity. Earnings-to-price (E/P) is calculated as net earnings divided by market value of equity, but only when net earnings are positive. 8 We calculate return on assets (ROA), our measure of the profitability of a firm, as net earnings divided by total assets. We follow Cooper et al. (2008) and apply the year-on-year percentage change in total assets (asset growth) as a comprehensive measure of firm growth.
< Please insert Table II approximately here >
Panel A of Table II shows summary statistics for firm characteristics. Since our sample contains many small caps, the median of size is considerably smaller than its corresponding mean. The same applies for book-to-market equity, earnings-to-price, and market leverage.
For instance, the average size is EUR 904.2 million while the median is only EUR 94.4 million. Likewise, the average book-to-market equity is 69.2% which is substantially higher than its median (54.3%). The average earnings-to-price is 0.068 (median 0.045), equivalent to a price-to-earnings ratio of 14.7 (median 22.2). The average firm growth is 9.7% per year which is considerably higher than its median (4.1%). This suggests that our sample contains many aggressive growth stocks. Panel B of Table II shows the relation between different firm 8
The non-consideration of negative earnings when calculating earnings-to-price is motivated by Ball (1978) who argues that earnings-to-price is a measure of risk. Therefore, risky stocks with high expected returns are expected to have high earnings-to-price ratios. Fama and French (1992) show that this argument does not make sense for negative earnings.
9 attributes using average Spearman rank correlations. 9 Though most correlations are fairly low, some characteristics are highly correlated. For example, firms with a high book-to-market ratio tend to have high market leverage and a high earnings-to-price ratio.
Explaining Expected Returns Using Firm Characteristics
In this section we identify firm characteristics that explain the cross-sectional variation of average stock returns. We employ two methodologies: one-dimensional sorts, which provide a simple picture of how firm characteristics produce patterns in average returns (Section 3.1),
and Fama-MacBeth regressions to estimate marginal effects (Section 3.2).
One-dimensional Sorts
At the end of June of each year τ we form ten portfolios based on the decile breakpoints for the fundamental firm characteristics. The conservative six-month lag is imposed to ensure that the required accounting data is known by investors when the stocks are ranked. The portfolios are held constant during the following twelve months. Portfolios formed on technical firm characteristics (momentum and reversal) are rearranged every month. To calculate monthly portfolio returns, we apply an equal-weighting since we want to capture the cross-sectional variety of the assets and do not want to highlight the role of investability. 10 Focusing on investability would suggest looking at value-weighted portfolios. Table III Table III show the average monthly hedge portfolio returns obtained from long-short positions in deciles 10 and 1, 10 and 5, and 5 and 1, respectively.
< Please insert Table III approximately here >
According to Table III , book-to-market equity, earnings-to-price, market leverage, return on assets, and momentum produce patterns in average returns. Long-short-strategies of buying 9
Average Spearman rank correlations are calculated as follows: We first calculate pairwise Spearman rank correlations based on the rankings of individual stocks for each year separately. We then average the yearly Spearman rank correlations to get mean Spearman rank correlations.
10
See Vaihekoski (2004) . Equally weighted portfolios are used, among others, by Lakonishok et al. (1994) , Fama and French (1996) , Haugen and Baker (1996) , and Chan et al. (1998) . We checked the robustness of our finding by re-running the analysis based on value-weighted portfolios. The results are qualitatively the same.
. 10 stocks with the highest book-to-market equity, earnings-to-price, and market leverage and selling short stocks with the lowest book-to-market equity, earnings-to-price, and market leverage generate significant monthly average returns of 0.90%, 0.99%, and 0.73%, respectively. Furthermore, the average return of the most profitable stocks (0.90%) is more than twice as high as the average return of the least profitable stocks (about 0.43%). Finally, Jegadeesh and Titman's (1993) momentum anomaly is clearly evident in our sample. The difference in average returns between momentum decile 10 (best past performing stocks) and 1 (worst past performing stocks) is 1.35% per month. Table III shows that one-dimensional sorts on beta, size, asset growth, book leverage, and reversal do not produce variation in average returns. The CAPM predicts a positive relation between expected return and systematic market risk. However, the data show little variation in average returns across portfolios formed on pre-ranking CAPM betas. Portfolio 10, containing the highest beta stocks, even has the lowest average return (0.60%) among all portfolios. Beta remains dead. 11 We also find no evidence of a relation between size and average returns in
Germany. The corresponding hedge portfolios generate near-zero average returns. Looking at asset growth and book leverage, the difference in average monthly returns between the extreme portfolios is also near zero. Finally, a pronounced reversal anomaly as first documented by DeBondt and Thaler (1985) is not evident in our sample. Long-term losers have higher average monthly returns than long term winners, but the corresponding average return of the 10-1 hedge portfolio (-0.30) is only marginally different from zero (t-statistic = -1.87). The 5-1 hedge portfolio delivers a mean return close to zero, showing that sorts based on reversal lead to non-linear patterns in average returns.
Cross-sectional Regressions
The one-dimensional sorts show that momentum, book-to-market equity, earnings-to-price, market leverage, and return on assets lead to significant average hedge portfolio returns.
However, since the latter four sorting criteria are correlated (as shown in Table II ), the onedimensional sorts cannot answer the question of which firm characteristics have unique information about average returns. Therefore, we test the marginal explanatory power of each firm characteristic employing the approach of Fama and MacBeth (1973) . We estimate the following cross-sectional regression for firm i = 1,…, N in each month t:
11
We also calculate average portfolio betas for all decile portfolios. For almost all sorts we find no trends for portfolio betas. The only exception is the sorting based on size. The average portfolio beta increases monotonically from 0.51 for the lowest size decile to 0.95 for the largest size decile.
r i denotes the return of stock i and r f is the risk free rate. i X is the vector of firm characteristics. This vector covers all firm characteristics discussed in the previous section and, in addition, a dummy variable that takes the value of 1 if the stock has negative net earnings. λ is the vector of regression coefficients.
We run the cross-sectional regression for each month separately. We then take the time series of the estimated monthly cross-sectional regression coefficients and calculate the mean regression coefficients. To test their significance, we adjust the standard errors for autocorrelation in the estimated coefficients. 12 The average regression coefficients are reported in Table IV .
< Please insert Table IV approximately here >
According to Table IV , three firm characteristics explain the cross-section of stock returns: momentum and two value characteristics (book-to-market equity and earnings-to-price). The corresponding average slope coefficients are all statistically significant at the 1%-level. 13 This finding is robust when including other firm characteristics discussed in the previous section.
Given that sorts on beta, size, asset growth, and reversal produce no significant variation in average returns, it is not surprising that these variables have no significant impact in the Fama-MacBeth regressions. When employing multivariate regressions instead of onedimensional sorts, return on assets loses explanatory power whenever the earnings-to-price ratio is included in the regressions. Since high profitable firms tend to have high earnings-toprice ratios (Table II reports a rank correlation of 0.51 between return on assets and earnings-
12
We adjust the standard errors of the average regression coefficients for autocorrelation by multiplying the standard errors of the average regression coefficients by , where is the first-order autocorrelation in the estimated regression coefficients of the monthly time-series regressions (see, e.g., Chakravarty et al. (2004) ).
13
Since Petersen (2009) has shown that Fama and MacBeth (1973) standard errors might be biased (despite the adjustment made), we carry out a robustness check and run regressions using two way clustered standard errors, which account for two dimensions (firm and time). We find that momentum and value characteristics have the continuing ability to explain the cross-section of stock returns, but only momentum and one of the two value characteristics, book-to-market equity, remain significant at the 1% level. Earnings-to-price is no longer significant at conventional levels.
to-price), our results suggest that the profitability anomaly reported in Section 3.1 is an earnings-to-price anomaly in disguise. Table IV shows that the average slope coefficients of ln(A/ME) and ln(A/BE) have the same absolute value (0.003), but opposite signs, and ln(BE/ME) has an almost identical slope coefficient. Since the difference between ln(A/ME) and ln(A/BE) is equal to ln(BE/ME), the leverage effect is already captured by the book-tomarket effect. As shown in Fama and French (1992) there is no need to include the two leverage variables.
Explaining Expected Returns Using Factors
In this section we run regressions of test asset returns on factors. Following the advice of Lewellen et al. (2010), we run our asset pricing tests based on a wide array of test assets.
First, we construct test assets (Section 4.1) and factors (Section 4.2). Then, we test whether estimated premiums associated with factors are priced in a cross-sectional framework (Section 4.3) and evaluate competing asset-pricing models in a time series set-up (Section 4.4).
Test Assets
The dependent variables used in the following regressions are the excess returns of 96 equalweighted portfolios. The portfolios are formed by independent double sorts on size, book-tomarket equity, earnings-to-price, and momentum. We form portfolios on the latter three characteristics because each of them leads to a large variation in average returns (see Section 3.1), which is a necessary condition for an adequate test of asset-pricing models (Cochrane (2005) ). Although sorts on size alone do not lead to a large variation in average returns (see Section 3.1), we include size in our double sorts to control for size effects affecting the second sorting characteristic.
Our test assets are formed as follows. For each pairwise combination of the sorting criteria we independently categorize stocks into 16 (4x4) portfolios based on the quartile breakpoints and calculate the monthly excess returns of the equal-weighted portfolios. 14 This approach leads us to 96 test portfolios out of six different sorting schemes.
Sorts on size, book-to-market equity, and earnings-to-price are conducted in June of each year. The resulting portfolios are held constant during the following twelve months. The
14
As shown below, our 4x4 sorting scheme leads to test portfolios which contain fewer stocks than those typically used in U.S. studies. Therefore, it is not sensible to apply a 5x5 sorting scheme as it is usually done in U.S. studies.
13 momentum sorting is carried out every month and double sorted portfolios based on momentum as one characteristic are rebalanced monthly. Table V report the average size, beta, book-to-market equity, earnings-to-price, and momentum of the test assets. The panels reflect the correlations of the firm attributes presented in Table II . Most interestingly, the panels show that both big and small stocks drive the momentum effect in a similar manner and that all test portfolios have an average beta below 1. The latter results from the equalweighting of the portfolios in connection with the fact that size and beta are positively correlated (see Table II ).
< Please insert
Factors
By employing one-dimensional sorts (Section 3.1) and cross-sectional regressions (Section 3.2) we identified potential candidates to build factors. In the construction of the factors we follow the methodology of Carhart (1997) : At each portfolio formation date, we rank all firms based on a specific firm characteristic (book-to-market equity, earnings-to-price, and momentum). For each characteristic we then sort the firms into three portfolios: the bottom portfolio including the stocks in the bottom 30%, the top portfolio including the stock in the top 30%, and the middle portfolio including the remaining stocks. For the accounting-based characteristics (book-to-market equity and earnings-to-price), we form portfolios in June of each year based on the accounting characteristics of the last year. The momentum portfolios are formed every month. Finally, we calculate the returns of the hedge portfolios as the monthly differences in returns between the equal-weighted top and bottom portfolio.
14 HML Carhart , EP Carhart , and WML Carhart denote hedge portfolios formed with respect to book-tomarket equity, earnings-to-price, and momentum, respectively.
In addition, we calculate factor portfolios that have been suggested in the empirical literature.
The excess market return (RMRF) is calculated as the difference in return between the market portfolio and the risk free rate. The factor portfolios SMB and HML are computed as in Fama and French (1993) . SMB is a hedge portfolio that goes long in small stocks and short in large stocks. By construction, SMB is neutral to book-to-market equity effects. HML, a hedge portfolio constructed to be neutral to size-effects, is long in high book-to-market equity stocks and short in low book-to-market equity stocks. SMB and HML are constructed on the basis of six portfolios formed at the interaction of two size (Small, Big) und three book-to-market equity portfolios (Low, Medium, High). Table VI approximately here > If the returns on several factor portfolios are highly correlated with each other, it is likely that they are picking up similar economic effects. Most correlations are fairly small which indicates that the portfolios proxy for different underlying factors (see Panel B of Table VII) .
< Please insert
15
An exception is the high correlation (0.75) between HML Carhart and HML which is not surprising given that both portfolios are formed using the same firm characteristic. To estimate risk premiums, we employ a standard two-stage approach. 15 In the first step, we run rolling five-year time series regressions to get the factor loadings. We do so for each test asset and each month separately, and thus get an estimated factor loading β for each month and test asset. 16 In the second step, we take the estimated factor loadings and test whether our factors carry a positive premium. We use the Fama-MacBeth procedure and estimate a crosssectional regression of excess returns on estimated factor loadings:
Cross-Sectional Pricing
j r is the return of test asset j and f r denotes the risk free return. ˆj β is the vector of estimated factor loadings from the first stage regression. 0 λ is the constant and λ the vector of crosssectional regression coefficients. We run the cross-sectional regression (2) for each month
15
The two-stage cross-sectional regression procedure has recently been employed by Brennan et al. (2004) , Campbell and Vuolteenaho (2004) , and Petkova (2006), for instance.
16
As a robustness check, we run the Fama and MacBeth (1973) regressions with time-invariant factor loadings. The results remain qualitatively unchanged, but we observe a higher variation in premium levels indicating that using time-invariant betas leads to less precise estimations. Table VIII .
< Please insert Table VIII approximately here >
Panel A of Table VIII shows the average premiums and Shanken (1992) adjusted t-statistics for double sorts on earnings-to-price and momentum. We focus our discussion on sorts based on earnings-to-price and momentum because they deliver the highest spread in average returns (1.75% per month) among the six sorting schemes. The first two rows of Panel A
show the results for our 3-factor and 4-factor model, respectively. In both models, EP Carhart yields a highly significant premium of 0.88% and 0.73% per month, respectively. The estimated and marginally significant coefficient of HML Carhart is 0.46% per month when it enters the regression together with WML Carhart . WML Carhart exhibits a highly significant premium of 1.11% per month. RMRF carries no premium.
We also find insignificant market premiums when looking at the traditional models. The Fama-French 3-factor model leads to a value premium of 0.67% per month (t-statistic = 2.86) and a size premium of -0.65% per month (t-statistic = -2.33). In all other specifications the size premium is insignificant. The Carhart 4-factor model yields a highly significant premium of 1.11% per month (t-statistic = 6.02) for the momentum factor. The size factor loses significance when adding the momentum factor and the R 2 rises from 86% to 95%.
17
Adding EP Carhart to the traditional models increases the R 2 by at least 1%. This indicates that the earnings-to-price factor contains additional information relative to the traditional factors.
Its premium varies between 0.72% and 0.91% per month.
The overall view does not change when looking at the estimated average factor premiums of the other double sorts. Panel B to F of Table VIII show that the premiums associated with the earnings-to-price factor are significant and positively priced in 26 out of 30 different specifications. Besides the earnings-to-price factor, the momentum factor and the book-tomarket equity factor matter. Premiums associated with the book-to-market equity factor (HML or HML Carhart ) are priced in at least 75% of all specifications, premiums associated with the momentum factor are priced in 72% of all specifications. In contrast, premiums associated with the market factor and the size factor are not priced. They only show significant premiums in rare cases and the estimated premiums are not of the same sign across all specifications.
Overall, our findings suggest that the earnings-to-price factor, the book-to-market-equity factor, and the momentum factor carry significant premiums. The estimated premiums associated with the market factor and the size factor are mostly close to zero and insignificant.
Evaluating Competing Multifactor Models
Given the previous results, one might suppose that a model including an earnings-to-price, a book-to-market equity, and a momentum factor fits better than the usually applied benchmark models by Fama and French (1993) and Carhart (1997) . To test this conjecture, we run the following time series regression:
r t denotes the return of the test asset in month t, r f,t is the risk free rate in month t, and F t denotes the vector of factors. We run the regression (3) for each test asset j and thus get a cross section of ˆj α . Under a well-specified asset-pricing model we would find that all ˆj α are jointly indistinguishable from zero. We employ the F-Test proposed by Gibbons et al. (1989) (GRS-test) to test whether this condition holds. Table IX shows that none of the models captures the cross-sectional return variation for all sorting schemes. However, there are differences between the models with respect to the GRS-statistics they deliver.
< Please insert
For example, our 3-factor model with RMRF, EP Carhart , and HML Carhart delivers lower GRSstatistics than the Fama-French model in five out of six sorting schemes. The same is true for a simple 2-factor model containing just RMRF and EP Carhart . The Fama-French model only shows lower GRS-statistics when explaining portfolio returns based on a double sort on bookto-market equity and size, the two criteria used to construct the explaining factors SMB and HML.
Expanding our 3-factor model to a 4-factor model by adding the momentum factor increases the explanatory power -especially for test assets constructed with respect to momentum as a sorting criterion. This highlights the fact that models tend to perform well when they are tested on test assets whose characteristics have been used to build the factors. This supports the postulation of Lewellen et al. (2010) to confront asset pricing models with a wide array of test assets, as done in this study.
The Carhart 4-factor model and our 4-factor model perform about the same. Though our model shows lower GRS-statistics in four out of six sorting schemes, the differences are fairly small. All other models show inferior explanatory power in almost all cases, sometimes the differences in the GRS-statistic being huge.
Stability Over Time
In this section we test whether our results also hold for subperiods. We examine this issue by looking at two subperiods of equal lengths and summarize the results qualitatively. Detailed results are available from the authors upon request.
When repeating the analysis underlying Table III for the two subperiods (07/1964 to 09/1985 and 10/1985 to 12/2006) we find that book-to-market equity, earnings-to-price, market leverage, and momentum deliver highly significant average 10-1 hedge portfolio returns in 17 For the sake of brevity we do not report the estimated intercepts and factor loadings for each of the 96 test portfolios. The results are available upon request.
both subperiods. Sorts on return on assets produce almost identical average 10-1 hedge portfolio returns in both subperiods, but the average hedge portfolio return loses significance in the second subperiod.
When looking at the slope coefficients from Fama-MacBeth regression in the two subperiods (see Table IV for the overall results), we again find robust results. Book-to-market equity and momentum are highly significant in both subperiods. The earnings-to-price ratio has a positive impact in all specifications, but is only marginally significant in the second subperiod. Interestingly, the average slope coefficient of size changes sign. It is negative in the first period (small stocks deliver higher average returns), but positive in the second period (large stocks deliver higher average returns).
Our main findings remain robust when examining the average premiums in two equal subperiods (see Table VIII for the overall results). The first subperiod ranges from 07/1969 to 03/1988 and the second one from 04/1988 to 12/2006. In both subperiods, only premiums associated with the earnings-to-price factor, the book-to-market equity factor, and the momentum factor are priced in the majority of cases.
When running the model tests for subperiods (see Table IX for the overall results), we again find that the Fama-French model delivers higher GRS-statistics than our 3-factor model and that the 4-factor models typically lead to lower GRS-statistics than the other models. The differences between our 4-factor model and the Carhart (1997) 4-factor model remain small.
What strikes us are the lower GRS-statistics in the first subperiod (07/1969 to 03/1988), i.e., in the first subperiod the models do a far better job in explaining portfolio returns than in the second subperiod (04/1988 to 12/2006) .
Conclusion
The 3-factor model of Fama and French (1993) and the 4-factor model of Carhart (1997) are the dominant models in empirical asset pricing. However, the explanatory power of these models depends on the underlying test assets. In addition, tests for non-U.S. markets show mixed evidence. Given these caveats, there is a clear need for studies which test these models using a wide variety of test assets and data from markets outside the U.S. Our paper contributes by conducting a comprehensive asset pricing study based on a unique dataset for the German stock market.
20
Our main findings can be summarized as follows: First, by using one-dimensional sorts and multivariate Fama-MacBeth regressions we document a significant positive relation between average returns and three firm characteristics: book-to-market equity, earnings-to-price, and momentum. Second, we run asset pricing tests using factor portfolios constructed with respect to these characteristics and a wide array of test assets. We find significant premiums for value and momentum factors. The market and size factors exhibit insignificant premiums in most specifications. Third, when evaluating competing asset pricing models, we find the FamaFrench model to do a poor job in explaining the cross-section of average stock returns in
Germany. An alternative 3-factor model including the market factor, the book-to-market factor, and the earnings-to-price factor explains returns better. By adding the momentum factor explanatory power is further increased, but even the 4-factor model is rejected in most cases based on the GRS-statistics.
Summing up, we find that the value and the momentum factors are the main drivers of stock returns, a feature the German stock market shares with many other markets. What is striking is the fact that the value effect is captured not only by the book-to-market ratio, but also by the earnings-to-price ratio. Earnings seem to contain more information in Germany than in other countries -possibly due to differences in the accounting standards. The market factor is in Germany as insignificant as in other markets. The impact of size on returns changes over time in Germany. Whereas in the earlier years small stocks deliver higher average returns than large stocks, the opposite is true in later years. This finding is in line with international evidence documenting that the size effect is not robust for different time periods.
Period Average number of firms Period Average number of firms 1963-1967 202 1986-1988 245 1968-1970 176 1989-1991 288 1971-1973 175 1992-1994 313 1974-1976 218 1995-1997 334 1977-1979 213 1998-2000 509 1980-1982 212 2001-2003 554 1983-1985 212 2004-2006 488
Table I Number of firms
The table reports the average number of firms for different time periods included in the analysis. Financial firms are excluded from the sample. All firms are listed at the Frankfurt Stock Exchange belonging to the market segments "Amtlicher Handel" or "Neuer Markt". We also consider the entire time series of firms listed at "Geregelter Markt" if they are traded "Amtlicher Handel" or "Neuer Markt" at any time in the sample. We include a firm in year τ only if stock prices for December of year τ-1 and June of year τ are available in our data set. For each decile portfolio the table shows the mean monthly return. For each hedge portfolio the table shows the average monthly hedge portfolio return obtained from a longshort position in deciles 10 and 5, 5 and 1, and 10 and 1, respectively. Corresponding t-statistics are in parenthesis. Except for momentum and reversal stocks are allocated to ten portfolios at the end of June of each year τ (1964 -2006) . Monthly equal-weighted returns on the portfolios are calculated from July to the following June. The portfolios formed on momentum (reversal) are rearranged every month. The underlying sorting criteria are calculated as follows: Stock betas are estimated using rolling five year regressions with monthly returns. Betas are calculated relative to the DAFOX (CDAX with the beginning of 2005). The financial ratio variables are calculated using market equity (stock price times shares outstanding) at the end of December of year τ-1 and accounting data for the fiscal year ending in calendar year τ-1. Size is measured by market equity at the end of June of year τ. Asset growth is calculated as the year-on-year percentage change in total assets. E/P is calculated using only firms with positive net earnings. Momentum (reversal) uses cumulative equal-weighted past returns from month t-12 to t-2 (month t-60 to t-13). We exclude firm years with negative book equity. returns on beta, size (market capitalization), BE/ME (book equity/market equity), E/P (pos. net earnings/price), E/P dummy for neg. net earnings, A/ME (market leverage (total assets/market equity)), A/BE (book leverage (total assets/book equity)), ROA (net earnings/total assets), asset growth (year-onyear change in total assets), momentum (prior 2-12 month returns), and reversal (prior 13-60 month returns): 07/1964 -12/2006, 510 months
The table shows the average slope coefficients and t-statistics for different Fama-MacBeth regressions. Each double row stands for one combination of characteristics. The standard errors from the regressions are adjusted for autocorrelation in the estimated coefficients. Betas are calculated relative to the DAFOX (CDAX with the beginning of 2005). The natural logarithms of the financial ratio variables are calculated using market equity (stock price times shares outstanding) at the end of December of year τ-1 and accounting data for the fiscal year ending in calendar year τ-1. Size is measured by ln (market equity) at the end of June of year τ. Asset growth is calculated as the year-on-year percentage change in total assets. E/P is calculated using only firms with positive net earnings. E/P dummy is a dummy variable that takes the value of 1 if the firm has negative net earnings. Momentum (reversal) uses cumulative equal-weighted past returns from month t-12 to t-2 (month t-60 to t-13). We exclude firm years with negative book equity. (Carhart (1997) ). RMRF is the market factor, the excess market return. SMB and HML are the Fama and French (1993) factors, hedge portfolios long in small (high BE/ME) stocks and short in big (low BE/ME) stocks. Panel E: Regressions on 16 independent double-sorted book-to-market equity and momentum portfolios Panel F: Regressions on 16 independent double-sorted size and momentum portfolios * Significant at the 10%-level, ** significant at the 5%-level, *** significant at the 1%-level. The table reports Fama and MacBeth (1993) factor premiums, Shanken (1992) adjusted t-statistics, and R 2 as employed by e.g. Jagannathan and Wang (1996) or Petkova (2006) . RMRF is the market factor, the excess market return. SMB and HML are the Fama and French (1993) factors, hedge portfolios long in small (high BE/ME) stocks and short in big (low BE/ME) stocks. WML Carhart captures Jegadeesh and Titman's (1993) momentum anomaly and is long in short-term winner stocks and short in short-term loser stocks (Carhart (1997) 
